Introduction
============

Background
----------

As mobile technology continues to expand and mobile phones become ubiquitous, with 73% of Americans actively using mobile phones \[[@ref1]\] and approximately 7 billion mobile phone subscriptions worldwide \[[@ref2]\], mobile phones are being increasingly used to conduct health interventions (mobile health---mHealth---interventions) to improve health conditions \[[@ref3]\]. Studies have found several advantages of mHealth interventions compared with traditional approaches. Given the number of mobile phone users, mHealth interventions have the potential to engage a large group of people at a relatively lower cost, making public health interventions more feasible and impactful \[[@ref3]-[@ref5]\]. As many mHealth intervention platforms (eg, text-based, apps) have become available to benefit interventions in differing ways \[[@ref1]\], mHealth can now address many issues including a limited workforce, finances, and accessing difficult-to-reach groups \[[@ref6]\]. Overall, the use of mobile phones as a part of health interventions has become an effective tool to potentially prevent and treat health issues \[[@ref6]\].

Despite the promises of mHealth interventions, previous mHealth interventions have yielded conflicting results and inconsistent effect sizes (ESs), ranging from Cohen *d* of −0.62 \[[@ref7]\] to 1.65 \[[@ref8]\]. Such large variance in ESs makes a comprehensive meta-analysis with moderator analyses imperative to provide a clearer picture of the effectiveness of mHealth interventions. However, previous syntheses either focused on a specific health issue \[[@ref9],[@ref10]\] or were constrained by small sample sizes and a lack of moderator analyses \[[@ref3],[@ref4]\], leaving what factors account for variance in ESs unanswered.

To fill the gap and provide insights into the effectiveness of harnessing mobile technology for health interventions, we aim to do the following: (1) calculate an overall effect magnitude for mHealth interventions compared with alternative interventions or conditions, and (2) analyze potential theoretical, methodological, and demographic moderators of mHealth interventions' comparative effectiveness. To achieve these goals, meta-analysis was implemented as the research method, which enables researchers to conduct a sophisticated synthesis of quantitative research literature \[[@ref11]\]. Applying this innovative approach, we identify the overall effect of mHealth interventions and significant moderators to provide guidance for mHealth intervention design and implementation.

Mobile Phone Use and Mobile Health
----------------------------------

With the growing technological culture, mobile phones have become the most popular and widespread personal technology, with 95% of the Americans owning a cell phone of some kind and 77% owning a smartphone \[[@ref12]\]. Mobile technologies also include personal digital assistant phones (eg, BlackBerry), portable media players (eg, MP3- and MP4-players), and handheld computers (eg, iPad). As the use of mobile technology has increased, public health professionals have begun to take advantage of the multiple platforms provided by mobile phones to serve a wide variety of purposes, such as physical activity, weight loss, smoking cessation, mental health, and chronic disease management.

"The use of mobile computing and communication technologies in health care and public health" \[[@ref10]\] is referred to as mHealth, a rapidly expanding branch within eHealth. There are many effective strategies that utilize mobile phones to promote public health. In general, mobile phones have been used to share information about public health as it is economical, sustainable, and effective \[[@ref13]\]. To benefit mobile phone users, public health professionals have begun to utilize mobile phone capabilities for prevention, management, and treatment of health issues \[[@ref14]\]. Mobile phones have been primarily applied for health purposes through short message service (SMS) and app features of these technological devices. In particular, text messages sent through mobile phones were found as a simple and efficient option for health services, which could be affordably used to send tailored health messages and reminders to improve delivery to patients \[[@ref15]-[@ref17]\]. Mobile apps are also widely used to promote public health, which can integrate a variety of built-in interactive features. Therefore, this allows for the potential to target heterogeneous audiences to address specific needs with diverse outcomes \[[@ref15]\]. These apps offer great potential for dynamic engagement of patients and providers in health care and an innovative approach to improve health outcomes \[[@ref18]\].

Mobile Health Interventions
---------------------------

Health interventions have utilized mobile technology in a variety of ways to increase health knowledge, promote health education, and change health behaviors. With the increasing use of mHealth interventions, several approaches have emerged for utilizing mobile technologies to implement health interventions. A primary approach to incorporating mobile phones into health interventions is focusing on the voice and text features that have achieved significant improvements in compliance with medication adherence, asthma symptoms, glycated hemoglobin (HbA~1c~) levels, stress levels, smoking cessation, and self-efficacy \[[@ref19]\]. Leveraging the advantages of mHealth interventions has improved public health outcomes in these areas as it has helped individuals become more aware and take accountability for their health issues. Other approaches to mHealth interventions include self-monitoring techniques and real-time surveillance features of the technology \[[@ref20]\]. It is increasingly popular to utilize mobile phones to track individuals' daily activity and provide reminders and motivational text-based messages to continue progression during the intervention \[[@ref21]\]. As smartphones have become more popular, another approach is the social networking component that allows users to interact and share information using social media \[[@ref22]\]. With the booming marketplace and the engaging features of mobile apps, mHealth interventions have been increasingly based on mobile apps to deliver health information and modify health behavior and have significant influence on youths' health outcomes \[[@ref1]\].

Mobile phones have become a source of interactive communication, providing numerous advantages in conducting health interventions, including widespread use of mobile technology across various socioeconomic groups, few geographical constraints compared with other media, and cost-effectiveness to reach a diverse and large population \[[@ref2],[@ref23]\]. A unique and noteworthy advantage of mHealth interventions is the ability to target underdeveloped or underserved areas due to the enabling resources provided by mobile phones \[[@ref14],[@ref24]\]. A review of mobile phone-based health interventions for noncommunicable disease management in sub-Saharan Africa reported that using apps on cellular phones can improve physical and mental health outcomes \[[@ref14]\]. Incorporating mobile phones within public health education and promotion can be beneficial for a wide range of situations and populations.

Mixed Effects of Mobile Health Interventions and Research Questions
-------------------------------------------------------------------

Despite mHealth interventions' great potential to be superior to health interventions using traditional approaches, empirical research to date has generated mixed results in terms of the efficacy of mHealth interventions. For example, one successful mHealth intervention led to lower levels of perceived stress for intervention participants relative to a waitlist control group (Cohen *d*=1.02) at 6-month follow-up \[[@ref25]\]. However, other mHealth interventions performed no better or worse than comparison conditions. For example, Cho et al \[[@ref26]\] found that an mHealth intervention was less successful than a control condition (Cohen *d*=−0.24) at improving fasting plasma glucose levels of patients with type 2 diabetes. Such inconsistent findings make the efficacy of mHealth interventions in improving health outcomes unclear and indicate the necessity for a meta-analytic review.

To assess the overall comparative effect of mHealth interventions, the first research question (*RQ1*) was posed as follows: What is the overall effect magnitude for mHealth interventions compared with alternative interventions or conditions in improving health outcomes?

To take a close examination of the large variation of ESs in the efficacy of mHealth interventions, the first potential moderating variable is the theoretical framework applied in these studies. Theory enriches and provides a roadmap for research practices \[[@ref5]\]. Therefore, it is plausible to assume that theory-based mHealth interventions may be more efficacious than their counterparts. A wide variety of theories have been applied in the mHealth interventions to date, including behavioral theories (eg, health belief model, HBM \[[@ref27]\]; theory of planned behavior, TPB \[[@ref28]\]), cognitive theories (eg, social cognitive theory, SCT \[[@ref29]\]), or behavioral and cognitive theories (eg, cognitive behavioral therapy, CBT \[[@ref30]\]). However, which theoretical paradigm works best in mHealth interventions remains unclear, especially when previous meta-analyses documented that the use of theory to guide intervention development does not significantly moderate ESs \[[@ref1]\].

Besides investigating the theoretical framework, previous research \[[@ref31]-[@ref33]\] suggests that health topic, intervention designs (eg, control group design, length of intervention and follow-up), and participants' features (eg, age, gender, and health conditions) could moderate the effects of health interventions. Specifically, a meta-analysis on health interventions using social networking sites reported that studies using a *true* control condition without giving any intervention had a significantly higher weighted mean ES than studies giving an alternative intervention to the control group \[[@ref33]\]. To examine the comparative effectiveness instead of the absolute effectiveness of mHealth interventions, it is crucial to take into consideration the control group design, including regular treatment \[[@ref34]\], print-version \[[@ref35]\] or computer-version \[[@ref36]\] interventions, less intensive version of mHealth interventions \[[@ref37]\], or interventions combining multiple channels \[[@ref38]\]. Therefore, these methodological and demographic variables suggested by previous studies will be analyzed as potential moderators.

In addition, several mobile-phone-related features will also be analyzed as potential moderators. First, mobile phones have been applied in health interventions through different strategies. Some studies only used SMS \[[@ref38],[@ref39]\] or mobile apps \[[@ref40],[@ref41]\], whereas others combined both SMS and mobile apps \[[@ref42],[@ref43]\]. Second and relatedly, there are not only interventions that applied mobile phone as the only channel \[[@ref7],[@ref17]\] but also those that combined mobile phone with either face-to-face communication \[[@ref39],[@ref44]\], another type of media \[[@ref8],[@ref37]\], or both \[[@ref34],[@ref45]\]. Although some researchers suggested that unimodal interventions could provide participants with more exposure and be easier to manage \[[@ref46],[@ref47]\], leading to higher effectiveness, others advocated for multimodal interventions, which are more likely to engage participants and therefore function better in health promotion \[[@ref48]\] or reported no difference between them \[[@ref1]\]. Furthermore, Sama et al proposed a typology of 8 types of mobile phone engagement---changing personal environment, facilitating social support, goal setting, progress tracking, reinforcement tracking, self-monitoring, social presentation, and social referencing \[[@ref18]\]. However, the types of engagement that improve the effectiveness of mHealth interventions remain unclear and will be examined in this study.

*RQ2*: Is the comparative effectiveness of mHealth interventions moderated by (1) theoretical paradigm, (2) health topics, (3) types of engagement, (4) mobile use type, (5) intervention channel, (6) control group design, (7) length of intervention, (8) length of follow up, and (9) participants' features?

Methods
=======

Literature Search
-----------------

To provide a clear picture of mHealth interventions' effectiveness in improving health outcomes, comprehensive searches of the *Communication & Mass Media Complete*, *PsycINFO*, *Web of Knowledge*, *Academic Search Premier, PubMed* and *MEDLINE* databases were conducted to identify potentially eligible studies in peer-reviewed journals and conference proceedings as well as dissertations and theses, which have been published through December 31, 2017. Search queries were formulated using a combination of search terms: "intervention" (Title or Abstract) AND "health" (Title or Abstract) AND "\*phone\*" OR "black-berr\*" (OR mHealth OR "application\*" OR app\* OR mobile OR cellular OR "short messag\*" OR palm\* OR iPhone\* OR MP3\* OR MP4\* OR iPod\*) (Title or Abstract). We retrieved 3506 studies from the databases, the abstracts (and full text, as necessary) of which were reviewed for relevance. Studies were screened in multiple stages using explicit inclusion and exclusion criteria (see [Figure 1](#figure1){ref-type="fig"}). We also screened the primary research articles included in a systematic review of mHealth-focused systematic reviews (n=546; \[[@ref49]\]) to evaluate them for inclusion.

Overview of Meta-Analysis
-------------------------

As generally recommended in the meta-analysis methodological literature \[[@ref50],[@ref51]\], Cohen *d* was computed as the basic unit of analysis for the meta-analytic review. The statistical analyses were based on methods proposed by Hedges and Olkin \[[@ref52]\]. As publication bias may exist when the publication status depends on the statistical significance of study results \[[@ref53]\], multiple analytic approaches were implemented to check for publication bias. First, a funnel plot was used to examine whether ESs from smaller studies show more variability than those from larger studies. Given that the funnel plot interpretation was open to subjectivity, Rosenthal's Fail-safe *N* and Duval and Tweedie's Trim and Fill method were also applied to provide statistical evidence of publication bias.

The current meta-analysis used the variance-weighted analysis \[[@ref52]\]: the overall weighted ES was computed by weighting the unbiased ES (*d*) by the inverse of its associated variance (Wi=1/Vi). The overall homogeneity of ESs was tested using *Q* statistics to determine whether all effects were from the same population. When *Q* statistics are significant, the ESs are not from the same population, and the overall ES should be computed under the random-effects models (REMs), which incorporates between-studies uncertainty in the computation \[[@ref54]\]. Otherwise, fixed-effects model (FEM) would be used.

In the moderator analysis, analysis of variance--like categorical models were conducted to analyze categorical moderators (eg, health topic, mobile use type) using mixed-effects models (MEM), as FEM with categorical moderator assumes that all studies in 1 subgroup share a common ES, whereas the MEM allows true variation of effects within subgroups of studies \[[@ref55]\]. The same approach was applied when using meta-regression modeling to analyze continuous moderators (eg, length of follow-up and participants' age). In the cases where moderator analyses were statistically significant under the MEM, posthoc analysis was conducted for pairwise comparison using Tukey contrasts with adjusted *P* value. The analyses were conducted using *Metafor* and *Multcomp* package in R software (R Foundation for Statistical Computing).

![Summary of selection process used in this study. Interventions using mobile phones only for data collection or making phone calls were excluded in this meta-analysis. RCT: randomized controlled trial.](mhealth_v7i4e11244_fig1){#figure1}

Results
=======

Study Description
-----------------

A total of 64 studies were included in the current meta-analysis (see [Multimedia Appendix 1](#app1){ref-type="supplementary-material"}), with 142 ESs computed following Schmidt and Hunter\'s approach \[[@ref56]\]. Among the 64 studies, 47 were based on at least one theory, including SCT \[[@ref7],[@ref8],[@ref26],[@ref30],[@ref35],[@ref37],[@ref39],[@ref40],[@ref57]-[@ref73]\], transtheoretical model \[[@ref17],[@ref38],[@ref58],[@ref74]-[@ref78]\], self-regulation theory \[[@ref39],[@ref68],[@ref79]\], self-determination theory \[[@ref42],[@ref43]\], HBM \[[@ref45],[@ref57],[@ref66],[@ref80]\], and theory of reasoned action and/or TPB \[[@ref7],[@ref8],[@ref40],[@ref60]\]. The meta-analyzed mHealth interventions focused on 5 topics, namely mental health \[[@ref25],[@ref36],[@ref45],[@ref48],[@ref56],[@ref81]-[@ref84]\], nutrition and weight status \[[@ref17],[@ref34],[@ref35],[@ref38],[@ref39],[@ref42],[@ref57],[@ref69],[@ref74]-[@ref76]\], physical activity \[[@ref7],[@ref8],[@ref26],[@ref37],[@ref56],[@ref57],[@ref74]-[@ref76],[@ref78],[@ref79],[@ref84],[@ref85]\], health-related quality of life and well-being \[[@ref47],[@ref61],[@ref73],[@ref86]\], and chronic disease management \[[@ref8],[@ref23],[@ref26],[@ref40],[@ref44],[@ref58],[@ref62],[@ref63],[@ref72],[@ref75],[@ref77],[@ref79],[@ref87]-[@ref99]\]. The categorization of health topics was based on Healthy People 2020 \[[@ref100]\]. There were originally 8 categories in the code book (ie, 1=tobacco use, 2=mental health, 3=a nutrition and weight status, 4=physical activity, 5=sexual health, 6=health-related quality of life and well-being, 7=HIV/AIDS, 8=chronic disease management). However, as no study focused on tobacco use, sexual health, or HIV/AIDS, these 3 categories were excluded from analyses. There were 10,296 (*N*=10,296) participants across included studies.

Publication Bias
----------------

Publication bias may exist when publication status depends on the statistical significance of study results \[[@ref52]\]. We have applied multiple techniques to check for potential publication bias. First, a funnel plot can be used to examine whether ESs from smaller studies show more variability than those from larger studies. As shown in [Figure 2](#figure2){ref-type="fig"}, the funnel plot of ESs seems to be generally symmetric, which is consistent with the Regression Test for funnel plot asymmetry (*z*=1.51, *P*=.13) and provides evidence for the absence of publication bias. Rosenthal's Fail-safe *N* was 17,539, which is much larger than the tolerance level (5*k* +10=660), and no study was found missing for symmetry using Duval and Tweedie's Trim and Fill Method, which further confirmed the absence of publication bias.

Overall Analysis
----------------

Estimated under the FEM, the *Q* statistic was significant (*Q*~*total*~ (*df*=141)=467.01, *P*\<.001), indicating that the ESs were not homogeneous, and mean ES was estimated under the REM using Restricted Maximum Likelihood Estimation method. Under the REM, the sample weighted mean for standardized mean difference was 0.31 (95% CIs; 0.25, 0.36), which is a small ES \[[@ref101]\], but statistically significant (*P*\<.001). In other words, there was a statistically significant mean difference between the mHealth intervention and control groups according to the overall analysis. *I*^*2*^, an index representing the ratio of true heterogeneity to total variance across observed ESs, is 71.87%, indicating large between-study variance \[[@ref102]\]. Similarly, Birge ratio, another index to quantify the magnitude of heterogeneity (computed as *Q* /*df*=467.01/141=3.31), is larger than 1 (the ratio when all the variance comes from sampling error), indicating large between-study heterogeneity. Sampling error variance (*S*~*e*~^2^=.0135) only accounted for 18.91% of the total variance (*S*^2^=.0714), suggesting the presence of a moderator. Therefore, the moderators proposed in *RQ2* were analyzed.

![Funnel plot of effect sizes to check publication bias for this study.](mhealth_v7i4e11244_fig2){#figure2}

Moderator Analyses
------------------

Moderator analyses were conducted by analyzing *theoretical paradigm* (1=no theory, 2=behavioral theory, 3=cognitive theory, 4=behavioral and cognitive theories combined), *health topic* (1=mental health, 2=nutrition and weight status, 3=physical activity, 4=health-related quality of life and well-being, 5=chronic disease management), *eight types of engagement* \[[@ref18]\], *mobile use type* (1=text messages, 2=mobile app, 3=combined), *intervention channel* (1=mobile phone only, 2=mobile phone combined with other type of media, 3=mobile phone combined with face-to-face communication, 4=mobile phone combined with other type of media and face-to-face communication), *control group design* (1=no intervention, eg, waiting list group; 2=intervention based on interpersonal communication \[no media involved, eg, counseling at clinic\], 3=intervention using other type of media than mobile phone, eg, website; 4=intervention using mobile phone, eg, text messages about general health information instead of targeted health behavior; 5=intervention with multiple features), and *participants' health condition*: (1=general healthy adults, 2=population at risk) as categorical moderators respectively. Moreover, *participants' mean age*, *percentage of female participants* (to examine the influence of gender), *length of the intervention*, and *length of follow-up* were analyzed as continuous moderators.

### Theoretical Paradigm

Under MEM, theoretical paradigm was significant as a moderator (*Q*~*between*~ (*df*=3)=11.01, *P*=.01). Posthoc pairwise comparison indicated that mHealth interventions based on cognitive and behavioral theories combined (*d*=0.45, *P*\<.001) had the highest weighted mean ES among the 4 categories and was significantly higher than interventions not indicating a theory (*d*=0.28, *P*\<.001) or interventions applying behavioral (*d*=0.23, *P*\<.001) both at .05 level or cognitive theory only (*d*=0.20, *P*\<.001) at .01 level.

### Health Topic

Under MEM, health topic was not a significant moderator (*Q*~*between*~ (*df=* 4)=1.63, *P*=.80), with mHealth interventions on physical activity showing the lowest weighted mean ES (*d*=0.24; SE=0.06; 95% CIs 0.11, 0.36; *P*\<.001) and interventions on nutrition and weight status showing the highest ES (*d*=0.36; SE=.08; 95% CIs 0.21, 0.52; *P*\<.001), which however are not significantly different from each other. The weighted mean ESs across all 5 topics were significantly larger than zero.

### Types of Engagement

Among the 8 types of engagement proposed by Sama et al \[[@ref18]\], only changing personal environment (*Q*~*between*~ (*df*=1)=9.44, *P*=.002), reinforcement tracking (*Q*~*between*~ (*df*=1)=10.24, *P*=.001), and social presentation or announcement (*Q*~*between*~ (*df*=1)=6.42, *P*=.01) were significant moderators. Specifically, the weighted mean ES of the mHealth interventions with the function of changing personal environment (*d*=0.76; SE=0.15; 95% CIs 0.47,1.05; *P*\<.001) was significantly higher than that of the interventions without this feature (*d=* 0.29; SE=0.03; 95% CIs 0.24, 0.35; *P*\<.001) at .01 level (*z*=3.11). Similarly, the weighted mean ES of the mHealth interventions with the reinforcement tracking function (*d*=0.43; SE=0.05; 95% CIs 0.33, 0.53; *P*\<.001) was significantly higher than that of the interventions without this function (*d*=0.24; SE=0.03; 95% CIs 0.18, 0.30; *P*\<.001) at .01 level (*z*=3.18). However, the weighted mean ES of the mHealth interventions with the social presentation or announcement function (*d*=0.04; SE=0.08; 95% CIs -0.13, 0.20; *P*=.65) was significantly lower than that of the interventions without (*d*=0.33; SE=.03; 95% CIs 0.27, 0.38; *P*\<.001) at .05 level (*z*=2.53).

### Mobile Use Type

How the mobile phone was applied in the intervention was found as a significant moderator (*Q*~*between*~ (*df*=2)=17.35, *P*\<.001). Post hoc analysis indicated that the weighted mean ES of interventions combining SMS and mobile apps (*d*=0.59; SE=.12; 95% CIs 0.36, 0.83; *P*\<.001) was significantly higher than the ESs of those using only SMS (*d*=0.30; SE=0.04; 95% CIs 0.23, 0.38; *P*\<.001) or mobile apps (*d*=0.22; SE=.03; 95% CIs 0.16, 0.29; *P*\<.001; *Z*~*SMS*~=3.37, *Z*~*App*~=4.16).

### Intervention Channel

The channel through which mHealth interventions were implemented turned out to be another significant moderator (*Q*~*between*~ (*df*=3)=12.56, *P*=.006). Pairwise comparison indicated that the weighted mean ES of interventions combining mobile phone with another type of media (*d*=0.39; SE=.05 95% CIs 0.30, 0.49; *P*\<.001) was significantly higher than that of interventions using mobile phone only (*d*=0.19; SE=.04; 95% CIs 0.12, 0.26; *P*\<.001; *z*=2.63) or interventions combining mobile phone with face-to-face communication (*d*=0.18; SE=.04; *K*=14; 95% CIs 0.10, 0.25; *P*\<.001; *z*=2.74).

### Control Group Design

Nonsignificant differences between-study variance under MEM (*Q*~*between*~ (*df*=4)=5.21, *P*=.27) indicated that control group design did not show a significant difference in the comparative effectiveness of the interventions.

### Participants' Age, Gender, and Health Condition

The majority of mHealth interventions in the current sample were conducted with at-risk populations, except for 6 studies \[[@ref7],[@ref42],[@ref71],[@ref61],[@ref78],[@ref85]\]. However, whether the participants were healthy or at-risk populations was not a significant moderator of the ESs (*Q*~*between*~ (*df*=1)=2.31, *P*=.13). Neither participants' age (*Q*~*between*~ (*df=* 1)=.99, *P*=.32) nor gender (*Q*~*between*~ (*df=* 1)=1.94, *P*=.16) was a significant moderator.

### Length of Intervention and Follow-Up

Intervention length was a nonsignificant moderator (*Q*~*between*~ (*df*=1)=0.57, *P*=.45); however, when the follow-up measures were conducted, it did moderate the ESs (*Q*~*between*~ (*df*=1)=13.46, *P*\<.001). Length of follow-up ranged from immediate \[[@ref57]\] to 9 months later \[[@ref71]\], with an average follow-up period being 2.48 weeks (SD=6.31). The weighted mean ES was significant immediately after the intervention (*d*=0.27, *P\<*.001), and increased by .015 for each additional week of follow-up (*P*\<.001).

Discussion
==========

Overall Effects
---------------

Findings from this meta-analysis indicated that mHealth interventions are significantly more effective than comparison conditions at improving health outcomes (*d*=0.31; 95% CIs 0.25, 0. 36), which is consistent with previous meta-analyses focusing on specific health issues \[[@ref9],[@ref103],[@ref104]\]. In particular, mHealth interventions have been significantly more effective than comparison conditions for physical activity (Hedge *g*=0.54; 95% CIs 0.17, 0.91\] \[[@ref9]\] and led to significant improvement in diabetes management (mean 0.5% reduction in HbA~1c~) \[[@ref104]\]. As it relates to SMS, text interventions were more effective for antiretroviral therapy adherence than control conditions (OR 1.39, CI 1.18, 1.64) \[[@ref103]\]. Our finding related to the relative effectiveness of mHealth interventions shows not only consistency with previous research but extends current research by examining the effects across health contexts. In addition to the significant overall effect of mHealth interventions, several moderators were identified, which help explain the mechanisms behind the variance in mHealth interventions' efficacy.

Effects of Engagement
---------------------

Findings indicated several statistically significant moderators of mHealth intervention effects. Of these, 1 such moderator is the type of engagement (ie, changing personal environment, reinforcement tracking, and social presentation or announcement). mHealth interventions that included features for changing one's personal environment and/or reinforcement tracking exhibited larger relative effects than mHealth interventions without those features. Changing a person's personal environment directly enables people to engage in the desired behavior or a behavior that affects the desired health outcome (eg, soothing sounds for meditating, which may help with stress) \[[@ref18]\]. Resources that allow users to immediately engage in the desired behavior (or a behavior that affects the desired health outcome) may help to reduce barriers that may otherwise prevent them from engaging in healthy behaviors that improve health outcomes. Theories of health behavior change (eg, HBM and TPB) address the important role that perceived or actual barriers play, indicating that reducing perceived or actual barriers can enhance the likelihood of positive behavior change. Alternatively, mHealth interventions that included the feature of social presentation or announcement exhibited smaller relative effects than mHealth interventions without that feature. This finding is counterintuitive, as one might expect that a social presentation or announcement feature would have greater positive effects on health outcomes, as providing information to others about one's accomplishments may increase motivation \[[@ref105]\]. A possible explanation for this is that social presentation or announcement may serve as a distraction to participants. Previous research has found that features intended to draw in or engage audiences may actually distract them from the position advocated by messages \[[@ref106]\]. Alternatively, the lower relative effects of mHealth interventions with a social presentation or announcement feature may be due largely to the 1 study with this feature that contributed the largest negative ES in the meta-analysis \[[@ref7]\].

Effects of Intervention Channel
-------------------------------

mHealth interventions using both SMS and a mobile app were relatively more effective than interventions using either SMS or a mobile app. SMS were typically used to collect data about participants' behavior \[[@ref45]\], and/or provide reinforcement for desired behaviors \[[@ref67],[@ref85]\]. Furthermore, mHealth interventions that included other media were relatively more effective than interventions that included face-to-face components. Many of the mHealth interventions that included additional media channels used websites, emails, and/or print materials. Interventions with face-to-face communication as an additional channel typically used in-person health care or counseling or group workshops. mHealth interventions incorporating other media may be more effective because they provide additional content exposure, use complementary strategies, and/or drive people to the mobile intervention components, which is helpful in delivering messages to users with a variety of media use habits \[[@ref107]\], especially for those whose preferred medium is not mobile phone.

Length of Follow-Up
-------------------

mHealth interventions with a longer follow-up exhibited greater effects than those with a shorter follow-up. Previous research indicates that length of follow-up can serve as a moderator of relative intervention effects \[[@ref31]\]; however, in previous research, greater effectiveness was shown for shorter-term follow up \[[@ref33]\], which is the opposite of the findings of this study. The finding may reflect the fact that some mHealth intervention studies used apps that are freely available, commercial apps \[[@ref68]\], which participants could continue using after the intervention period. This finding highlights the promise of mHealth interventions in promoting positive long-term health outcomes. The easy accessibility and cost efficiency of mobile features may help prevent diminishing intervention effects compared with those that use other types of new media \[[@ref33]\].

Theoretical and Practical Implications
--------------------------------------

Our moderator analyses found that studies based on both cognitive and behavioral theories were more effective than those based on no theory or behavioral or cognitive theory only. Cognitive theories, such as SCT \[[@ref29]\] or self-regulation theory \[[@ref108]\], mainly focus on psychological factors and inner thoughts. Although they are related to behavior, there is still a gap between intention and actual behavior due to internal and external barriers \[[@ref28]\], and how to bridge this gap and eventually trigger behavioral change are not well-addressed. Given this, scholars have critiqued the use of traditional psychosocial theories, which could fail to maximize the opportunities offered by mHealth interventions and called for closer assessment of each mHealth program and user engagement \[[@ref109]\]. On the other hand, perceived and actual barriers are key variables in behavioral theories, such as HBM \[[@ref27]\] or TPB \[[@ref28]\], which acknowledge and emphasize reducing these barriers to achieve positive behavioral change. However, behavior is rooted in cognitions, which are considered precursors to behavioral change; positive behavioral change that is lacking a strong cognitive foundation may not have longitudinal effects. Therefore, the complementarity of cognitive and behavioral theories may explain the large ESs of studies that applied both types of theories \[[@ref62],[@ref93]\]. The convergence of cognitive and behavioral theories has observed success in CBT \[[@ref110]\] and deserves further investigation by health communication researchers.

In terms of mHealth intervention design, given that tailored communication is effective in promoting health behavior change and health outcomes \[[@ref31]\], it is important to enable users to change their personal environment using mobile phones and provide personalized reinforcement messages based on users' progress on health outcomes. According to the Elaboration Likelihood Model \[[@ref111]\], personally relevant messages are more likely to increase personal involvement and trigger central route message processing, which would achieve stable persuasive effects over time. Alternatively, health researchers and professionals should take caution when incorporating social presentation or announcement features to engage participants and to avoid distraction. More research examining how to strategically integrate social engagement features \[[@ref18]\] into mobile phones without affecting message exposure \[[@ref46],[@ref47]\] to improve health outcomes is needed.

When designing mobile interventions, it is worth considering combining both SMS and app features, which are available on most mobile phones. SMS is easier to implement, whereas apps could afford multimedia interactive features; such features would complement each other to potentially maximize user engagement and health outcomes. According to channel complementary theory \[[@ref103]\], people use multiple sources, which serve different niches and present unique information, to acquire information in certain health topics. Therefore, health researchers and professionals could also take advantage of other types of media when designing mHealth interventions, especially internet, through which several studies have achieved high efficacy \[[@ref8],[@ref25],[@ref36]\]. Finally, due to the easy accessibility and cost efficiency of mobile phones, our finding also highlights the promise of mHealth interventions in achieving long-term health effects. Thus, researchers aiming to improve health outcomes over a long period could base interventions on existing low-cost mobile apps or free SMS to enable sustained use of the target mobile features and consequently maintain positive effects.

Limitations and Future Research
-------------------------------

Despite this study's pioneering efforts, several limitations should be noted. First, although this study started from a comprehensive literature search and included more studies than previous reviews (\[[@ref3],[@ref4],[@ref10]\], the sample size of several specific categories remains small. For instance, none of the studies meeting inclusion criteria focused on reducing substance use, promoting sexual health, or preventing HIV/AIDS. Among the health issues in the current meta-analysis, only 4 studies focused on health-related quality of life \[[@ref47],[@ref61],[@ref72],[@ref112]\]. In the same vein, both the social presentation \[[@ref7],[@ref48],[@ref61],[@ref68]\] and social referencing \[[@ref7],[@ref8],[@ref48],[@ref85]\] engagement types have been applied in only 4 studies. The comparatively small sample sizes of the randomized controlled trials (RCTs)---attributed to the recency of mHealth interventions and the long implementing and publishing process---could limit the reliability of statistical results in specific categories and increase the likelihood of chance differences. As such, more empirical evidence is needed to have a more reliable estimation of the moderating effects in mHealth interventions, especially in understudied areas.

Second, in an attempt to be as comprehensive as possible, this study included not only published studies but also conference papers and unpublished work, which makes the study vulnerable to inclusion of lower quality studies, a general limitation for meta-analytic research \[[@ref54]\]. However, only 2 included studies contributing 5 ESs were dissertations; all other included studies appeared in peer-reviewed journal articles.

Finally, despite efforts to include only the most relevant RCT studies, this study is susceptible to the "apples and oranges" critique concerning the comparability of studies, a common concern for meta-analytic reviews \[[@ref54]\]. Comparability refers to all the studies included in one meta-analysis examining the same constructs or relationships. Due to the relatively small sample size in some categories, such as the variety of specific media that were used in combination with mobile phones in interventions, they were grouped in a larger category for moderator analyses.

Conclusions
-----------

mHealth interventions have become increasingly common in recent years, given the ubiquity of mobile phone ownership, providing the possibility to tailor health messages, cost efficiency of mobile delivery channels, and opportunity for large-scale dissemination. To the best of our knowledge, this is the most comprehensive meta-analysis to date that examined the overall effectiveness of mobile phone interventions across health topics and is the first study across health behaviors that statistically tested moderators. By analyzing 64 studies, we found that mHealth interventions have a small but significant weighted mean ES (Cohen *d*=0.31), which is moderated by theoretical paradigm, engagement types (ie, changing personal environment, reinforcement tracking, and social presentation), mobile use type, intervention channel, and length of follow-up. Our findings not only shed light on intervention design using mobile phones, but also provide new directions for research in health communication and promotion using new media. Future research is needed to examine the effectiveness of mHealth interventions across various health issues, especially those that have not yet been fully investigated (eg, substance abuse and sexual health), engaging participants using social features on mobile phones, and designing tailored mHealth interventions for diverse subpopulations to maximize effects.
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Summary of studies included in the meta-analysis.

CBT

:   cognitive behavioral therapy

ES

:   effect size

FEM

:   fixed-effects model

HbA ~1c~

:   glycated hemoglobin

HBM

:   health belief model

MEM

:   mixed-effects model

mHealth

:   mobile health

RCT

:   randomized controlled trial

REM

:   random-effects model

RQ

:   research question

SCT

:   social cognitive theory

SMS

:   short message service

TPB

:   theory of planned behavior
